The acceptance of mobile technologies by employees is critical to their successful implementation in the workplace for competence development. Consequently, the type of job position (TJP) held was proposed as a new technology acceptance moderator and its significance verified. To examine this new moderator's role in explaining employees' intention to use technology, particularly mobile devices and applications for knowledge transfer, an extended Unified Theory of Acceptance and Use of Technology (UTAUT) model was elaborated that included the TJP moderator. A structural equation modelling approach was used to validate the model on the basis of data collected via a survey received from 810 employees from Poland, from 26 sectors, both public and private. The study results highlight that TJP moderates the significance and strength of selected factors influencing technology acceptance, such as: user autonomy, relative usability, social influence, performance expectancy, effort expectancy and facilitating conditions. Moreover social influence was confirmed to impact the behavioral intention to use mobile technologies for knowledge transfer for managers only. Inversely, user autonomy influence on perceived effort required to use mobile learning shown to exist for all TJP moderator values except for managers. Theoretical and practical implications of study are discussed.
I. INTRODUCTION
More and more job positions require continuous growth in employee competence. New business processes, technologies and products are introduced that require employees to periodically or regularly update their knowledge and skills in order to keep up with the changes. In this context they need to have access to tools that will give them fast, flexible and convenient means of transferring knowledge. Knowledge transfer is the process whereby a person, group, department or organization is affected by the experience of another [1] . From a technocentric perspective, technologies should enhance willingness to share knowledge [2] .
Providing quick and permanent access to professional knowledge necessitates the use of digital materials via The associate editor coordinating the review of this manuscript and approving it for publication was Saqib Saeed. applications on mobile devices. Such a form of learning is called mobile (m-)learning, and can be defined as ''the acquisition of any knowledge and skills through the use of mobile technologies, anywhere, and anytime'' [3] . As a result, m-learning is unique in terms of time flexibility and location [4] and is treated as a new and independent part of e-learning [5] .
Standalone use of m-learning applications is often referred as m-learning 1.0. Integration in mobile applications, aspects of teamwork communication and collaboration led to mobile learning 2.0. M-learning 2.0 is defined as integration of social media into mobile learning [8] and has recognized to be an effective solution for collaborative experience sharing, which is important in knowledge transfer process [9] . M-Learning 2.0 can create a learning environment that is more authentic, collaborative, communicative, engaged and effective [10] . Mobile technologies contribute to improving VOLUME 7, 2019 This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see http://creativecommons.org/licenses/by/4.0/ the accessibility, interoperability and reusability of educational resources, and to enhance the interactivity and flexibility of learning at convenient times and places [11] . The have been also confirmed by Jeno et al. [12] to positively impact intrinsic motivation and perceived achievements in competences development by students from the viewpoint of Self-Determination Theory. Broad social use of mobile devices and applications caused that m-learning specifies both m-learning 1.0 and m-learning 2.0. In the m-learning approach, knowledge transfer is closely associated with the use of mobile applications which can be extremely beneficial to the learners' skill development [6] . The purpose of such systems is to build m-learning solutions that could assist learners in: searching for, retrieving, creating their own, sharing, and managing knowledge [2] . These activities constitute the process of knowledge sharing. With the proliferation of mobile computing technology, m-learning is playing an important role in the rapidly growing electronic learning market. Accordingly to Sung et al. [7] the use of mobile devices in education makes studying and teaching processes more effective than using only desktop computers.
Unfortunately, m-learning as well as knowledge transfer by mobile devices and software, has many barriers standing in the way of their convenient use, limiting their acceptance for knowledge transfer utilization as a result. These are connected with technical, psychological, pedagogical, organizational and financial issues. Technical issues include small screens with low resolution, inadequate memory, slow networks speeds, and a lack of standardization and compatibility [13] , [14] . Furthermore, the perception of risks associated with using mobile devices and applications has been confirmed to negatively influence the usability of mobile technologies as perceived by users, and therefore impacts their intention to use them [15] . Psychological limitations are related with people being more likely to use mobile applications for entertainment such as texting with friends or checking social network services, rather than for instructional purposes [14] , [16] . Zhai et al. [17] highlighted the importance of stimulating the learners' technological engagement. The study results confirmed that involvement in game-based learning that is ubiquitous in smart campuses is related to the individual expectations of learners and the social environment provided for them. Pedagogical problems concern the distraction of students or employees and the interruption of class progress through the use of mobile devices [18] , [19] . As indicated by Krotov [20] and, Hamidi and Jahanshaheefard [21] a successful m-learning initiative may require resources beyond mobile hardware, software, and IT personnel. Allocations may involve setting up an additional organizational structure with personnel responsible for: implementing m-learning, providing administrative support, assigning experts from many fields during m-learning projects and improving the existing infrastructure. A study of Goldbach et al. [22] highlights that providing the users with self-control of technology has positive effects on the continued intention to use mobile solutions. Financial issues regarding the use of m-learning relate to the cost of an internet connection. Also, particularly in less developed countries, broadband networks are not so common and this seriously limits the use of mobile solutions for knowledge transfer.
M-learning technologies used efficiently support the ''connecting'' knowledge management methodologies in converting implicit and tacit knowledge to explicit knowledge. Fostering a co-operative environment between employees is an important factor for explicit knowledge development during the knowledge sharing process [23] . The usefulness aspect is paramount when users want to obtain some advantages from content provided by specific services or systems [24] . Therefore it is important to understand the acceptance factors influencing the intention to use mobile technologies for knowledge transfer. They must be identified first as they determine the start of technology utilization. If the intention to use technology is positive, the factors for actual usage [51] , [52] , [72] and finally continuous usage intention [25] can be studied. This means that many studies concentrate on explaining the intention to use technology only [14] , [20] , [22] , [41] .
Subject matter literature analysis reveals that studies have mainly concentrated on exploration for acceptance criteria of m-learning use with students being the target group more often than employees as examined in the study by Al-Emran et al. [26] . Kukulska-Hulme [27] argued that m-learning activity continues to take place on devices which are not designed for educational use, and that usability issues are frequently reported. Researchers have also indicated the difficulty in supporting and guiding learners in environments that combine real-world and digital-world learning resources [28] . A survey conducted by Corbiel and Valdes-Corbiel [29] indicated that many students are not ready for m-learning in spite of their familiarity with advanced mobile technologies. Such a conclusion is strengthened by the positive validation of the impact of ICT literacy and anxiety on mobile technology being perceived as easy to use and useful [30] . This thesis is also supported in Thomas et al. [31] and Chen et al. [32] where the attitude towards technology turned out to be an important factor explaining the intention to use m-learning. Moreover, Fatima et al. [33] indicates that the personal attitude toward m-learning rather than self-efficacy has an important impact on m-learning adoption. Estriegana et al. [34] points out that students' attitude towards using technologies -particularly virtual laboratories -depends on playfulness, and perceived degree of satisfaction.
Flexibility in using technology supports the students' intention to continue the use of m-learning [35] . Interactivity, mobility and enjoyment are also recognized as important factors influencing m-learning use by students [36] also when participating in massive open online courses (MOOCs) [37] . Tan et al. [38] confirmed that personal innovativeness in information technology use positively impacts the students' intention to use m-learning. Joo et al. [39] recognized that personal innovativeness should not be only narrowed to information technology. In contrast, innovativeness was found not to influence technology acceptance by Salloum et al. [40] . However, the study concerned e-learning, which has a broader meaning than m-learning. This highlights that determinants may be different for particular types of technologies grouped in one area.
Kuciapski [41] in a study with employees as the target group, highlights that providing autonomy in using mobile technologies, as well as the actual usability of m-learning as offered by alternative solutions like traditional courses or e-learning, strongly influence the intention to use m-learning for knowledge transfer.
Factors that refer to learning and teaching processes, such as: perceived content quality, long-term usefulness and perceived resources, learnability and social influence have been confirmed as important determinants for m-learning adoption by students [42] . When facing uncertainty about mobile technologies, adoption decisions emerged as a combined result of individual adoption reflections and major influences from the social network [43] . This is convergent with Shin et al. [44] who justified that m-learning experience has a significant influence on its further intended use.
Many studies concerning mobile technology acceptance, not to mention m-learning and knowledge transfer, do not take the moderators into account such as age or gender that exist in general technology acceptance models such as Unified Theory of Acceptance and Use of Technology (UTAUT) [8] , [31] , [33] , [70] , [83] , [84] . Studies confirm that models that include moderators often provide a significantly better explanation of technology acceptance [45] or avoidance [46] . Proposing and verifying moderators in the context of mobile technologies is a reasonable step due to: the previously indicated barriers obstructing their convenient use, the required high level of interaction with devices and software, and different acceptance determinants depending on the context of use. Such a belief is supported by Reychav and McHaney [47] who provided empirical evidence suggesting that women prefer a more video-based form of m-learning materials than men. Moreover, Heredia and Cantu [48] showed that the context of use significantly impacts the usability of e-learning for knowledge management.
The existence of factors that moderate the variables have a due impact on the explanation of whether or not the use of technology is acceptable for knowledge transfer along with the fact that only a very limited number of studies have been conducted in this field justifies further research in order to assess the role of moderators and, more importantly, search for new ones. The second section of the article contains a review of subject matter literature in the context of moderators used in technology acceptance models, also dedicated to mobile devices and applications. This was a starting point for proposing (second section) and verifying (third and fourth section) a new moderator -type of job position, that better explains employees' acceptance of mobile technology for knowledge transfer, that is the aim of the study.
Introduced moderator will support practitioners in designing and developing applications that allow for more efficient knowledge transfer among employees. It will be also contribute to general technology acceptance theory.
II. RELATED RESEARCH
Many scholars, beginning with Fishbein and Ajzen [49] , have proposed their own theories and models for explaining technology acceptance. In particular the TAM -Technology Acceptance Model [50] and UTAUT -Unified Theory of Acceptance and Use of Technology [51] are widely adapted by researchers to explain technology acceptance for various technologies and research groups. TAM3 [52] and UTAUT2 [53] are gaining recognition as the newest general technology acceptance theories and models. Particular theories and models not only differ in construction but also in the extent to which they explain technology acceptance. UTAUT is 70% capable of predicting technology acceptance [54] , which is far higher than TAM (30%) or TAM2 (40%) [55] . UTAUT2 can explain 74% of the variance in user intention to utilize technologies [53] but can be considered as too complex to act as the base model for constructing specific proposals that explain the acceptance of particular technologies and target groups. A better explanation of technology is also possible with the use of a multiple model comparison approach where various technology acceptance theories and models are integrated [56] .
Important general technology acceptance theories like TAM do not take moderators into account. Moderators are important extensions that enhance the predictive validity of the technology acceptance models [57] . Chin et al. [58] empirically examined and confirmed the significant influence of moderating factors in existing models on technology acceptance. UTAUT was the first widely recognized theory that broadly introduced moderators such as: gender, age, experience and voluntariness of use [56] . Other subsequent, crucial theories or models in the field of technology acceptance included moderators already existing in UTAUT:
--TAM 2: experience and voluntaries, --TAM 3: experience and voluntaries, --UTAUT 2: age, gender and experience.
Analysis of subject matter literature of technology acceptance models based on TAM or UTAUT, points out the existence of significantly more moderators, especially in studies connected with UTAUT [59] . The reference search procedure proposed by Cooper [60] was used to collect technology acceptance relevant references ( Table 1) . Electronic searches and manual reference list retrieval was used to collect valid data, including only written in English.
The major databases used for the electronic searches were: AIS eLibrary, Elsevier, IEEE, Springer, and Web of Science. The two following sets of key words, and combinations thereof were used to construct queries, executed against specified scientific databases: Table 1 , where moderators not confirmed to have an effect on technology acceptance are marked in italics. There are a few moderators there were verified in more than one study. One of them is culture, where seven publications have confirmed its impact on the behavioral intention to use a wide spectrum of technologies: desktop applications, mobile payment systems, web systems, internet banking services, prepayment metering systems and m-learning.
The impact of performance expectancy, facilitating conditions and effort expectancy on technology acceptance was acknowledged to depend on culture. Conducting studies in many countries significantly differing from each other from a culture perspective, such as: Australia [67] , Chile [77] , China [60] , Guyana [31] , India [61] , Qatar [58] , Malaysia [62] , Saudi Arabia [57] , South Korea [59] , [76] and United States [57] , [60] , [62] led to the recognition of culture as a moderator that should be included in models for general technology acceptance. Similarly, education and income moderators have been validated in more than one study where education was positively verified in [68] , [69] and income turned out not to moderate the intention to use technologies [68] , [69] , [71] .
The vast majority of moderators were proposed and verified in individual studies often in the context of specific technologies, such as: e-government services [70] , enterprise resource planning (ERP) systems [77] , enterprise 2.0 applications [81] , CV database system [61] , prepayment metering systems [66] , mobile accounting courses [73] , online lecture website in the context of electronic word of mouth (eWOM) [76] and tax preparation software [78] . One study concerned particular tool as Facebook [68] . Many studies concentrate on the validation of one proposed moderator, while others try to validate as many new moderators as possible [68] - [71] , [80] . Both approaches may be appropriate.
The vast majority of studies confirmed the proposed role of moderators in explaining particular technology acceptance (Table 1) . However, there are also studies whose results indicate which moderators do not influence the intention to use technology. Employment [68] , Income [68] , [69] , [71] and marital status [68] have been validated as not moderating technology acceptance.
The collection of moderators included in Table 1 provides a summary of the moderators studied by various researchers. Similar results were obtained for both positively verified moderators like culture [31] , [62] - [67] and ones confirmed to be irrelevant such as income [68] , [69] , [71] . Therefore, as different studies for same moderator show similar results, generalization of results obtained for a particular study can be regarded as appropriate.
A limited number of studies looked at new moderators regarding the acceptance of mobile technologies, such as: mobile payment systems [63] , m-learning [31] , [73] , [74] , mobile data services [71] and mobile communication [72] . Few studies like [31] , [73] , [74] were connected with m-learning acceptance. The only study that has taken into account factors that moderate employees' acceptance of m-learning was the one by Cheng et al. [74] . None of the others studied employee development via m-learning, as the target groups were: students, urban citizens, customers and consumers respectively. This points out that there is a need to verify the variables existing in the subject matter in this context. As mentioned, since studies verifying the same moderators but for different technologies turned out to obtain the same results, it is especially important to explore new moderators, potentially valuable for explaining the acceptance of various technologies.
In a study by Cheng et al. [74] , occupation, understood as organization type (see Table 1 ) was confirmed to be significant factor in moderating the adoption-perception-use behavior of m-learning by employees. Different kinds of businesses like manufacturing, service provision and banking, showed significant variation regarding the extent to which social influence influences the behavioral intention to use m-learning. In contrast, the more general factor of employment was found to be irrelevant and highlighted that technology acceptance, particularly Facebook, does not depend on whether person is a student, an employee or unemployed. Divergent verification results for occupation and employment moderators, highlight that there should exist moderator that would help to explain whether type of professional work impacts on technology acceptance, especially as other related studies exist (Table 1) . Wang et al. [81] recognized that there are significant differences between social users and silent users, like employees, regarding the influence of computer self-efficacy on perceived security, the perceived ease of use and perceived security on behavioral intentions Such a research result is strengthen in the study of Ramírez-Correa et al. [77] which confirmed that personality types moderate intention to use technology. Moreover personal interactivity was positively verified to impact technology acceptance, where the same factors appeared to be more important for high-interactivity users than low-interactivity [76] . The level of required personal interactivity often depends on the type of work, where expectations are usually the highest for managers. The professionals/novices moderator was confirmed by McLeod et al. [78] as they confirm that the technology acceptance model may not be equally applicable to professionals and novices. Such a belief is strengthened by the study results revealed by Eckhardt et al. [61] who confirmed that there are different factors for adopters and non-adopters that influence behavioral intention to use technology.
The moderators mentioned above such as user groups and professionals/novices, and especially occupation, personality types, personal interactivity and employment; indicate that technology acceptance might depend on the type of work. Therefore we propose a new moderator-the type of job position (TJP)-and state two research hypotheses:
1 The type of job position affects the strength of factor's influence on mobile technology acceptance for knowledge transfer.
2 Selected factors' influence on behavioral intention to use mobile technologies for knowledge transfer by employees is related to the type of job position.
Types of job position were proposed on the basis of The International Standard Classification of Occupations (ISCO) [82] and divided into:
--regular worker -an employee performing basic, often routine tasks requiring mainly primary skills, without the necessity to constantly broaden and upgrade their knowledge and skills, such as: warehouseman, office worker performing daily simple and repetitive tasks like paper filling, cashier or security guard.
--specialist -an employee who is required to have specialized professional qualifications obtained over an extended period of time and often connected with a certification process. A specialist's job often involves solving creative problems and requires constant or periodical skill development. Examples of job positions: financial analyst, tax advisor, accountant, doctor, software developer, architect, lecturer or scientist.
--manager -a person managing employees and/or decision-maker, such as: project manager, head of department, director or supervisor.
It seems reasonable that the determinants of technology acceptance for such groups might vary as they use different applications for their work with varying frequency. Although not for m-learning, the moderating role of type of product on technology acceptance, particularly e-commerce was positively verified by Wang et al. [80] . Type of job position as a moderator was not found in subject matter literature for anything, including m-learning or mobile technology acceptance ( Table 1) .
Assumptions regarding the creation of a research model that would verify a proposed new moderator-type of job position-are presented in the third section of the paper. The study results obtained will broaden knowledge in explaining mobile technology acceptance by employees for knowledge transfer-a lesser researched target group and an area which has been narrowly studied in the context of mobile technology acceptance. They will also contribute to the general acceptance theory by adding a verified new moderator.
III. RESEARCH METHODOLOGY A. RESEARCH MODEL
Particular variables might be invariant for general IT knowledge but non-invariant for specific IT knowledge [79] . Studies of [31] , [42] , [84] confirmed that the original UTAUT can be used without modifications for explaining m-learning acceptance by students. The connections between the variables and their moderators in UTAUT has been fully confirmed [42] , [84] or confirmed for most of variables [31] . The strength of impact exhibited by particular variables on the intention to use m-learning might vary depending on the context. Social influence seems to be especially important where social media influencers like Twitter posts support mobile learning use [9] . There are also modified UTAUT models dedicated to students' acceptance of m-learning that confirm the UTAUT connections [73] , [85] . Therefore, the model for m-learning acceptance by employees will include all UTAUT variables and connections.
In the UTAUT model, the facilitating conditions (FC) variable is not connected with behavioral intention to use dependent variable (BI), but with use behavior dependent variable (UB). In their studies, Nassuora [86] and Jewer [87] confirm not only the significant role of UTUAT's facilitating conditions variable, but also its direct impact on the behavioral intention to use mobile technologies. The importance of providing IT support for applications used for knowledge management has been highlighted by Razi et al. [88] . Moreover Dwivedi et al. [89] in a proposed revised theoretical model of UTAUT elaborated on the basis of a number of technology acceptance studies supports the direct influence of FC on BI. Therefore the FC variable has been included in the model because of its direct connection with BI.
Often indicated weakness of acceptance models like TAM or UTAUT is their exclusion of external variables, which may affect user intention to use technology [90] . Scholars extend basic theories not only with direct variables, but also with external ones-i.e. connected to other variables and indirectly influencing BI. Such relationships have also been confirmed for existing UTAUT variables. Many studies concerning e-learning acceptance indicate that ease of use affects usefulness in a similar way to EE, with a meaning convergent with PE [91] , [92] . EE influence on PE has been confirmed in the study of Wrycza and Kuciapski [93] regarding the acceptance of e-learning systems. Therefore a connection between EE and PE is included in model.
Additional variables that impact employees' behavioral intention to use m-learning are verified in the study of Kuciapski [41] . Relative usability (RU) and user autonomy (UA) were recognized to have an impact on the acceptance of mobile technologies for knowledge transfer by employees, as well as other UTAUT variables such as FC, EE, PE and SI. RU is defined as effort expectancy and performance expectancy to use a given technology in relation to other solutions [41] . It seems natural that users, before accepting a particular technology, compare it with other solutions -devices, systems and applications -where mobile solutions are ubiquitous in nature. User autonomy is defined as perceived autonomy and flexibility in technology use [41] . This means that users have the possibility to: select solutions that they find convenient, use preferred platforms, personalize applications, utilize solutions in various environments such as offline and have the ability to change the technologies employed any time and according to their actual needs. This is convenient to apply in terms of mobile technologies, as mobile devices are handheld.
The importance of the relative perception of alternative solutions in explaining technology acceptance has been supported in other studies [94] , [37] . Relative advantages (RA) defined as the level to which people assume that the new innovation is better than the old traditional version, was confirmed to strongly influence students' intention to use e-learning systems [94] and MOOCs systems [37] . The significance of UA is supported in a study by Zhai et al. [17] that points out that individual expectations (IE) influence involvement during ubiquitous game-based learning. Moreover Hanif et al. [95] confirm that system accessibility and enjoyment related to user autonomy positive influence perceived usefulness and the e-learning system's perceived ease of use. As a result both the variables -RU and UA -and the connections between them and the UTAUT variables are included in the model (Figure 1 ). They both indicate the ubiquitous nature of mobile devices use. RU concerns the possibility to select solutions that are more convenient than alternative ones. UA is directly connected with perceived autonomy and flexibility in technology use where mobile solutions meet such requirements well. The moderating influence of type of job position (TJP) will be verified for all variables included in the model, with justifications:
--facilitating conditions -specialists require less support in using new technologies and tools than regular workers and managers as they are more exposed to technologies on a daily basis and are more accustomed to learn new ones;
--effort expectancy -specialists and managers are more accustomed to changes and using new products than regular workers;
--performance expectancy -specialists and managers are more often require to upgrade their skills than regular workers;
--social influence -as managers are often obliged to influence the direction of the company's development, they are more susceptible to the opinions of other co-workers;
--relative usability -as specialists are required to more often change technologies and tools than regular workers and managers, they more frequently compare the capabilities of alternative solutions;
--user autonomy -the more creative nature of the work conducted by specialists and managers compared with regular workers results in their greater need for autonomy in skill development. Figure 1 illustrates the variables and connections between the presented assumptions. Connections between variables associated with stated research hypotheses (h1-h14) are described in Table 2 .
The validation methodology of proposed moderator, based on the verification of stated hypotheses ( Table 2) is presented in the fourth section of the paper.
B. MODEL VALIDATION
The moderating impact of type of job position on employees' mobile technology acceptance for knowledge transfer was verified by 20 hypotheses contained in Table 2 , due to:
--direct connections between the variables -H1-H14; --the direct and indirect impact of particular variables on BI-H15-H20, where t represents the total effect.
Total effect is defined as the sums of powers of the coefficient matrices [96] . The total effect of the variable on BI is calculated by adding up the direct and indirect influences of variables. For example, UA both directly and indirectly (through EE, PE and SI) impacts BI (Figure 1 ). Calculating the total effect allows to better determinate the extent to which particular variables impact BI.
Because of the lack of a reliable sampling frame, it is difficult to conduct a random sampling for all potential mobile technology users. Similar to Wang et al. [16] this study adopted a non-random sampling technique (i.e. convenience sampling) to start collecting the sample data.
Convenience sampling was first used to conduct a pre-test so that the questionnaire might become more understandable, complete and with no ambiguous assertion statements. It was conducted among three groups of 50 employees altogether, during three face-to-face meetings. The participants were chosen from local companies representing 8 sectors altogether, both public and private. They were asked to fill out the survey and afterwards they could point out any reservations. A limited but significant number of concerns were listed and as a result of discussion:
--one assertion statement was removed, --two assertion statements were added, --two assertion statements were modified, --three classification statements were modified and the scale was also changed for two of them -''Number of mobile [devices|services] used within a week'' was modified as ''Number of hours spent using mobile [devices|services] within a week'' ( Table 3) .
Importantly no new constructs (variables, mediators) were required to be included. Subsequently, to have a proper sampling frame and representative sample for the entire population, organizations (companies and public institutions) of various sizes and years of activity, from various regions (province) and sectors -both private and public -were chosen. Later the survey data was collected among their employees. The research data was collected via a Computer-Assisted Web Interviewing (CAWI), during face-to-face meetings in a vast majority of cases -8 percent of the questionnaires were filled in remotely without the author assistance. A snowball sampling technique was additionally used for convenience sampling to increase the number of companies and employees completing the survey, representing particular sectors. It was especially useful to receive responses from employees from sectors more difficult to access, such as forestry or farming (family one) to reduce the sample bias.
Surveys were received from many organizations in Poland from both the public and private sectors and with a diverse number of employees, representing 26 industries altogether.
The survey was conducted among 1037 employees, among whom 964 knew how to use mobile devices, applications and services, also connected with m-learning, and were able to report on their experience. The data was collected over a 14 month period starting from December 2016. Eventually, 810 employees filled in the questionnaire, giving a response rate of 84%. The questionnaire began with an explanation of key concepts, such as: knowledge transfer, knowledge management, mobile devices, m-learning and importantly types of job positions definitions with a set of examples given for each of the type. Additionally during face-to-face meetings surveyed employees were introduced with key concepts and were able to ask questions. Few questions were asked and most of them concerned matching position with type of job position. The second section of the questionnaire consisted of classification data and is presented in Table 3 .
As presented in Table 3 , the survey included responses from participants with a variety of characteristics. Significantly, the survey participants represented a range of experience in using mobile devices and services -from beginners to seasoned practitioners. The approach taken with regard to collecting the survey data, which focused on responses from employees with different characteristics, and the survey instrument used enable the survey results to be generalized. Type of job position was one of the questions in the classification section of questionnaire with three available values: regular worker, specialist and manager. Survey respondents were also obliged to give the name of their position. Moreover, subject matter expert in human resources field validated whether respondents properly matched their position of employment with type of job position. Reservations existed for only 16 of received questionnaires, and for them matching was corrected.
The crucial third part of the survey included 24 statement assertions formulated in accordance with acceptance questionnaires rules -3-4 statements for each variable. Each question was measured using a 7-point Likert scale. The assertion statements in the survey were created for all variables included in the developed model of employees' acceptance of mobile technology for knowledge transfer, presented in Figure 1 . For variables FC, PE, EE, SI and BI, which are an integral part of the UTAUT model, standard UTAUT's assertion statements were used while also taking into account mobile technologies and the knowledge transfer context. Assertion statements formulated for RU and UA variables were similar to Kuciapski [41] . A list of assessment statements for particular variables is presented in Table 4 .
The study used IBM SPSS Amos with structural equation modelling (SEM) for the data collected via the survey, to validate the type of job position (TJP) moderating the impact on employees' acceptance of mobile technology for knowledge transfer. SEM was used, as it has also been widely tested in the field of technology acceptance. The advantage of SEM is that it considers both the evaluation of the measurement model and the estimation of the structural coefficient at the same time. A two-step modelling approach, recommended by Anderson and Gerbing [97] , as well as McDonald and Ho [98] , was followed such that the confirmatory factor analysis (CFA) was carried out first to provide an assessment of convergent and discriminant validity. Then SEM was carried out to provide the path coefficients with significance tests allowing the stated hypotheses to be verified. Such research methodology ensures the correctness of a given model. As particular variables might directly and indirectly influence the employees' behavioral intention to use mobile devices for knowledge transfer apart from measuring the direct effects on BI, the total effects were also calculated. To verify the moderating impact of TJP on particular connections, a multi-group analysis was performed. TJP's moderating strength was measured by treating it as a grouping variable and calculating the standardized β-coefficient and significance (p) for value groups: regular worker, specialist and manager.
A data validity test was performed to reduce the possibility of receiving incorrect answers during the data collection period [99] . It showed that all 810 cases (questionnaires) were valid. The inter-construct correlation coefficient estimates were examined along with a particular item's internal consistency by using Cronbach's alpha coefficient estimates [100] . Table 5 includes the relevant results. Reliability values greater than 0.6 are considered as acceptable in technology acceptance literature [101] . All items far exceeded the recommended level. The data is internally consistent and acceptable, with a total reliability equal to 0.911. The Convergent and Discriminant Validity of the data was also checked. Kaiser-Meyer-Olkin Measure of Sampling Adequacy (KMO) yielded a value of 0.941-much greater than the 0.7 that is considered as acceptable. Communities of all variables also had a value significantly higher than the 0.5 as a reference value.
The validity of the elaborated model was checked via CFA-an integral part of SEM. Consequently, the model meets the accuracy requirements of the fit measures presented in Table 6 . (Table 6) confirm general model validity. They were also satisfied for all TJP moderator values and therefore enable, through regression analysis, the 20 stated hypotheses given in Table 2 and included in Figure 1 to be verified. A presentation of the research results obtained via SEM is contained in the fourth section of the paper.
IV. RESULTS
A multi-group analysis indicates a moderator's influence as significant when the p-value variant is lower than 0.1 [102] . For the type of job position (TJP), the p-value for the whole model was 0.014, meaning that model is variant, depending of this moderator, and dependence on TJP can be measured for particular connections. The path variances for the TJP grouping variable are presented in Table 7 where any confirmed incidence of TJP having a moderating impact on the variables is highlighted in bold.
In accordance with statistics rules, paths for particular TJP values were accepted when the p-value is lower than 0.05. The standardized β-coefficient was calculated to measure the strength of the connections for particular TJP values ( Table 8 ). Connections not confirmed for particular moderator values are highlighted in italics. Arrows up (↑) and down (↓) with values highlighted in bold are used to indicate major differences in particular TBJ values. Path verification results for particular values of TJP moderator (Table 8 ) are convergent with the general variance of paths for TJP ( Table 7 ). The total effects of particular variables on BI, while taking into account the TJP grouping variable, were calculated as the sums of the variables' direct and indirect impact on BI. Calculating such indicators indicates the extent to which the determinants influence the behavioral intention to use m-learning for professional development, broken down according to the TJP values ( Table 9 ).
Arrows up (↑) and down (↓) indicate significant differences in the variable's value (highlighted bold) depending on the value of the TJP moderator. Square brackets in one case (H17) indicate that it is not possible to unequivocally indicate that the variable's value is moderated by TJP. Study implications are presented in the fifth section of this article.
V. DISCUSSION
The p-value of the whole model as moderated by the type of job position (TJP) is 0.014. This is much lower than the reference 0.1, meaning that the model depends significantly on the values of this group variable. Therefore the study results contained in Tables 7 to 9 can be utilized to state many conclusions both from theoretical and practical perspectives.
A. THEORETICAL IMPLICATIONS
Supported hypotheses H4, H6, H7, H11 and H14 ( Table 7 and  Table 8 ) as well as H15, H16 and H20 (Table 9 ) proving that connections between RU->BI, SI->BI, EE->PE, UA->EE, RU->FC, EEt->BI, FCt->BI and SIt->BI are moderated by TJP, confirm the first main hypothesis-the type of job position affects the strength of factor's influence on mobile technology acceptance for knowledge transfer. This is convergent with other studies confirming that depending on the type of technology user -expressed by moderators such as: adopter/non-adopter [61] , occupation [74] , personal interactivity [76] , professionals/novices [78] , and personality type [77] -the strength of particular determinants on the intention to use technology might vary significantly. The results presented in Table 8 highlight that there are connections that exist only for particular job types:
--SI->BI (H6) and SIt->BI (H20)-only for managers; --PE->BI (H3) and UA->EE (H11)-for regular workers and specialists.
Therefore the second main hypothesis is confirmedselected factors' influence on behavioral intention to use mobile technologies for knowledge transfer by employees is related to the type of job position. This is highly convergent with many other studies pointing out that the existence of particular technology acceptance variables' influence the intention to use devices and applications depends on moderator values [71] - [73] , [75] , [80] , [81] .
According to the results presented in Tables 8 and 9 , and also interpreted later in detail in the current section, the significance and strength of relations between variables often depends on the TJP moderator value. This confirms that models that include moderators often provide a significantly better explanation of technology acceptance [45] .
Both main confirmed research hypotheses point out that TJP is a new technology acceptance moderator. Figure 2 presents a model of employees' acceptance of mobile technology for knowledge transfer moderated by TJP. After occupation [74] , TJP is the second moderator studied in the context of m-learning aimed at employees. Such an implication makes an important contribution to technology acceptance theory. Both positively verified main hypotheses support other study results, highlighting that technology acceptance for working adults is strongly related with employee characteristics, such as: occupation [74] , personality types [76] , adopter/non-adopter [61] , professionals/novices [78] and user groups (social users and silent users) [81] . Confirmation of TJP as a moderating factor for employees' acceptance of technology is contrary with a study by Liew et al. [68] where the hypothesis that employment is a significant factor in moderating the adoption-perception-use of technology was rejected. TJP and occupation [74] moderators being positively verified, highlight that studying the employment moderator on the basis of one service -Facebook [68] -is probably insufficient.
Interpreting in detail at the outset the theoretical aspects, the most important ones result from the total effect of the variables on the behavioral intention (BI) to use mobile technologies for knowledge transfer (Table 9 ). Although user autonomy (UA) and relative usability (RU) variables are by far the strongest factors influencing BI which is fully convergent with study of Kuciapski [41] , TJP is not a moderating factor for them as the values are very similar-therefore hypothesis 18 (H18) and 19 (H19) were not confirmed. However, there are factors whose total effect on BI depends on the TJP. First of all, the total impact of social influence (SI) on BI turned out to exist for managers only (Table 8) . A strong variation in the extent of SI influence on technology acceptance, depending on moderating factor values, was also confirmed by Eckhardt et al. [61] . As for the other TJP values, the significance value (p) was over 0.05-0.112 for regular workers and 0.439 for specialists. As a result, hypothesis 20 (H20) was confirmed. SI impact on BI depends on the TJP moderator; hence the sixth hypothesis (H6) is supported as p-value was 0.045 ( Table 7 ). The rather low β-coefficient value (0.173) means that m-learning applications used by managers should take into account social influence, although this is not crucial.
The total effect of effort expectancy (EE) and facilitating conditions (FC) on BI turned out to be of no importance (0.007 and −0.005 respectively) for regular workers and only slightly relevant (-0.048 and 0.041 respectively, that is below 0.1 reference value) for specialists ( Table 9 ). As for managers, the standardized β-coefficient values for EEt (−0.142) and FCt (0.112) are significantly higher than for others, so hypotheses 15 (H15) and 16 (H16) are confirmed. Therefore, the EE and FC variables should be considered as dependent on the TBJ moderator. EE has been proved in many studies to depend on moderating factors. Confirmed moderators impacting the significance or strength of EE influence are: culture [65] , [31] , [66] , learning style [73] , location [71] and technology readiness [79] . The dependency of facilitating conditions on a moderator's value was positively verified in two studies [75] , [77] . Managers in particular expect low effort required to use m-learning tools. The minus value of EEt means that the lower effort required to use mobile technologies during knowledge transfer translates into the managers' greater intention to use them. The direction of relation is logical and consistent with UTAUT model [59] . Analogically to SI, the rather low value of the β-coefficient (−0.142) means that EE should be taken into account during m-learning application design for managers but it is not a crucial factor, unlike UA and RU (Table 9 ). Managers also expect to have better facilitating conditions during m-learning utilization than other types of job positions. The low β-coefficient value (0.112) similarly to SI and EE should be interpreted that FC needs to be taken into account when implementing mobile applications for knowledge transfer that would be also used by managers, although analogically to SI this is not crucial.
The total influence of performance expectancy is noticeable higher for specialists (β = 0.225) than for other types of job position-0.158 for regular workers and 0.171 for managers (Table 9 ). This means that for specialists, knowledge transfer via mobile applications is more important than for other groups. PE has a moderate influence on m-learning acceptance by specialists (β = 0.225). The moderating impact of TJP on PE and therefore the confirmation of hypothesis 7 (H17) cannot be unequivocally stated. First of all, the PE values are too similar to the TJP moderator values. Secondly, the direct impact of PE on BI having been moderated by TJP was rejected by the unconfirmed third hypothesis (H3), where the significance value (p=0.172) was higher than the reference value of 0.1 (Table 7) . So TJP does not join moderators list, with: culture [65] , [31] , [66] , learning style [73] , location [71] and personality types [77] which were positively verified as moderating factors of PE. Interestingly, two studies were also connected with m-learning [31] , [73] , but none of them has employees as target group. Table 7 indicates that there are many more connections not moderated by TJP. Apart from the analyzed PE variable, the EE (p=0.556), FC (p=0.595) and UA (p=0.782) variables also turned out not to be influenced by TJP while impacting BI; hence the first hypothesis (H1), second hypothesis (H2) and fifth hypothesis (H5) are not supported. The confirmed total effects of EE and FC on BI being dependent on the TJP moderator (H15 and H16 in Table 9 ) with no evidence of their direct impact on BI (H1 and H2 in Table 7) highlights that when the model contains external variablesnot directly connected to a dependent variable such as BI-the total effects should be also measured.
SI was the only UTAUT variable whose influence on BI is moderated by TJP ( Table 7) . The second and last variable in the model whose direct impact on BI is influenced by TJP is RU (p=0.035); hence the fourth hypothesis (H4) is confirmed ( Table 7) . The RU values are significantly higher (Table 8 ) for specialists (β = 0.296) than for regular workers (β = 0.185) and managers (β = 0.174). This means that mobile applications primarily used by specialists for skill development should be just as usable as alternative solutions such as e-learning systems. The rather high RU impact on BI for specialists (β = 0.296) means that it should be taken into account during the development of m-learning applications to be utilized by specialists. Confirmed H4 is contrary with unconfirmed H19, which shows that the overall effect of RU on BI is not moderated by TJP ( Table 9 ). The reason is that RU, apart from a direct impact on BI, also influences it indirectly through EE, PE and FC variables. This justifies once again the need to calculate the overall effects of the variables [96] .
UA-by far the most important factor influencing mobile technology acceptance by employees for knowledge transfer-turned out not to depend on the TJP moderator. In contrast to RU, both the overall and direct impact of UA on BI are not moderated by TJP and so the fifth (H5) and eighteenth hypothesis (H18) are not supported ( Table 7 and  Table 9) . Surprisingly, UA influence on EE is moderated by TJP (Table 7) ; therefore, the eleventh hypothesis (H11) is supported (p=0.03). User autonomy influence on the perceived effort required to use m-learning is far higher (Table 8) for specialists (β = −0.255) than for regular workers (β = −0.129) and managers (β = −0.086). The minus sign indicates that the higher the autonomy in using mobile applications, the lower the effort required to use technology as perceived by specialists.
EE influenced by UA, impacts the PE variable, where the connection is moderated by TJP (Table 7) and so the seventh hypothesis (H7) is confirmed (p=0.031). Specialists perceive knowledge transfer via the use of mobile technologies as the most strongly (β = −0.458) dependent on the effort required to use them ( Table 8 ). The minus sign indicates that the lower the effort required to use mobile technologies for knowledge transfer, the more effective is the m-learning perceived.
The last connection in model that is moderated by TJP is between RU and FC as the fourteenth hypothesis (H14) is confirmed ( Table 7) . As the p-value is below 0.001, the relationship between RU and FC is very significant. RU impact on FC is by far the strongest for regular workers (β = 0.646) and the weakest for specialists (β = 0.387), indicating that for regular workers especially, the perceived standard of facilitating conditions available for m-learning use is strongly connected with terms of use ensured for alternative solutions like e-learning or traditional training.
The connection between EE and BI (H1), and the FC impact on BI (H2) show significantly different β-coefficient values, depending on the type of job position (Table 8 ). However as the p-value for all TJP values is over 0.05, it means that EE and FC do not influence the employees' intention to use mobile technologies for knowledge transfer. As a result, it is not possible to draw a conclusion about how TJP moderates the impact of EE and FC on BI. This is also reflected by the very high p-values for H1 and H2 in Table 7 . The direct impact of FC on BI was rejected in the original UTAUT, so the study supports this conclusion. Interestingly the direct impact of EE on BI is an integral part of the UTAUT, also confirmed in many studies connected with m-learning [31] , [35] , [42] . This shows that this relationship should be researched further, especially for a different technology or target group, to re-examine the moderating effect of TJP on EE.
B. PRACTICAL IMPLICATIONS
The research results also have many practical implications. A synthesis of the practical application of the study, showing how the type of job position influences the employees' acceptance of mobile technology for knowledge transfer, ranked according to importance, is included in Table 10 . Third column presents the standardized β-coefficient and significance (p) depending on the TJP moderator value: regular worker, specialist and manager.
Social influence only has a significant direct impact on the intention to use mobile technologies for knowledge transfer (H20 and H6) for managers (Table 9 ). Building communities of practice, stimulating bi-directional communication between mobile applications' users, conducting internal marketing campaigns and supporting whispering marketing is desirable but not crucial for m-learning solutions used by managers (β = 0.173).
Limiting the effort (EE) required to learn mobile technologies for knowledge transfer is desirable for managers (H15) but generally it does not have a high impact (β = −0.142) on their decision on using technology ( Table 10 ). The effort required to learn m-learning technologies is of no importance for regular workers and managers. One possible cause is that regular workers are less frequently required to master new tools than specialists who often have to familiarize themselves with new applications. Therefore m-learning applications for managers should be simplified as much as possible by, for example, including basic and advanced versions of panels. The dynamic, fast-response nature of a manager's work means that they become convinced by technology or application if they are able to use it quickly in a professional way.
Analogically to EE, providing facilitating conditions (FC) for using mobile technologies for knowledge transfer is desirable for managers (H16) but not of high importance (β = 0.112). The fast-acting nature of a manager's work with the frequent requirement to spend more time at work than normal, means that they expect to have fast access to support whenever they face problems. Support services should include FAQ, help-desk or access to targeted training. As for EE, FC while using m-learning technologies are of no importance for regular workers and managers. The reason is probably the same as for EE-regular workers are rarely required to introduce themselves with new tools and specialists constantly have to study new applications and are accustomed to doing so independently.
The performance (PE) of activities (H17) dedicated to knowledge transfer gained with the use of mobile technologies is mainly important for specialists (Table 10 ) and even the β-coefficient is somewhat similar for all target groups and H3 is not confirmed ( Table 7) . Specialists are often required to upgrade their skills; therefore, they expect technologies like m-learning to help enhance their learning efficiency. The designers of mobile applications for knowledge transfer used by specialists should study the time required to perform activities to ensure that it is as short as possible.
As specialists are the ones most often required to learn new skills, they are also the ones who most expect that mobile technologies used for knowledge transfer will provide the same possibilities (H4) as alternate solutions (Table 10) like: e-learning, traditional training, face-to-face project meetings or studying printed materials. This means that the number of tasks that can be accomplished via mobile technology for knowledge transfer and their convenience of use has to be at least on a par with alternative solutions. M-learning systems chosen by organizations should not concentrate on the simplification of their use at the expense of the available functionality, which is very common approach during the design of mobile applications.
On the other hand, regular workers are much less often required to develop their skills than other groups and undoubtedly feel less confident when required to use new technologies. As a result-confirmed by H14 (Table 10 )they expect facilitating conditions for m-learning to be on a par with alternative solutions. Therefore when using mobile technologies for knowledge transfer they should be provided support (e.g.: FAQ, help-desk or individual training) in the same convenient way as during e-learning or traditional training.
Interestingly, EE impact on PE (H7) is the strongest for specialists (Table 10) , probably as they are required to use a greater variety of technologies and applications than other groups. As the total impact of PE on BI (H17) is the strongest for specialists, it is important to make mobile applications aimed at specialists easy to learn and use, as is the case for managers too.
UA influence on EE (H11) turned out to be moderated by TJP (Table 10 ). It highlights that providing managers autonomy in choosing mobile technologies for knowledge transfer does not impact (p>0.05) how they perceive the effort required for their cognition and use. This is convergent with confirmed H6 and H20, proving that for managers, the opinion of other employees is important when choosing m-learning solutions. On the other hand, specialists perceive autonomy in choosing and using mobile technologies for knowledge transfer as an important factor influencing the effort required for m-learning. Therefore, mobile solutions designed for specialists should be flexible in terms of conducting actions, with for example no necessity to use wizards, and allowing the option to undo changes in various situations.
UA as the strongest factor influencing the intention to use m-learning for all types of job position, has to be perceived as crucial during m-learning system design ( Table 10) . As TJP has not been confirmed as a moderating factor for UA influence on BI (H18 and H5) it means that it is very important to allow employees, regardless of the type of job position, to select mobile technologies (e.g. videoconferencing, webcasting) and applications that they find convenient for transferring knowledge. It is essential to ensure that the proposed mobile solutions are available for various operating systems preferred by the employees. Also they should be able to personalize mobile applications interfaces and functionality according to their individual needs with solutions like: choosing a basic or advanced mode, reorganizing the navigation panel layout, defining the method of interaction such as multi-touch, selecting visual themes and using interactive wallpapers.
C. LIMITATIONS AND FURTHER RESEARCH
The study has three limitations. First off all, the proposed and validated moderator, that is TJP, turned out not to be important for EE (H1) because of the unconfirmed relationship between EE and BI (p>0.05), which exists in the classical UTAUT and many studies that extend it. Secondly, the total impact of PE on BI (β-coefficient) is noticeably different depending of the type of job position, but as H3 (Table 7) was not confirmed (p>0.01) conclusion cannot be unequivocal. Finally, studying sector effect would be beneficial. Therefore, further research should examine how TJP moderates the influence of EE and PE on BI, especially in the context of a different technology, target group and company sector. Such study would require very large sampling data.
D. ETHICAL CONCERNS
As the conducted research involves social groups as distinguished in the proposed TJP technology acceptance moderator -regular workers, specialists and managers -ethical concerns may arise. In our opinion, the study results obtained and how they are presented do not embarrass these groups as we are not trying to rate or rank them from a technology acceptance perspective.
VI. CONCLUSION
Based on the UTAUT extended model, the study investigated a proposed moderator for technology acceptancetype of job position (TJP)-in the context of employees' acceptance of mobile technology for knowledge transfer. The research results confirmed that TJP moderates the direct influence of relative usability and social influence on employees' behavioral intention to use m-learning. Moreover, the overall impact of social influence, effort expectancy and facilitating conditions on the acceptance of mobile technologies for knowledge transfer were recognized to be connected with TJP. Along with the confirmation of TJP as a moderating factor for connections between effort expectancy and performance expectancy, user autonomy and effort expectancy, as well as relative usability and facilitating conditions, the first hypothesis was confirmed-the type of job position affects the strength of factor's influence on mobile technology acceptance for knowledge transfer.
The study results also confirmed the second hypothesisselected factors' influence on behavioral intention to use mobile technologies for knowledge transfer by employees is related to the type of job position. Social influence turned out to impact the behavioral intention to use mobile technologies for knowledge transfer for managers only. Inversely, user autonomy influence on perceived effort required to use m-learning was confirmed to exist for all TJP moderator values except for managers. As both hypotheses were confirmed, the study contributes to the general area of technology acceptance research by adding a new moderator-type of job position.
The research results have a few important implications for practitioners to increase employees' technology acceptance, particularly m-learning. Building communities, conducting internal marketing campaigns and supporting word-of-mouth marketing for mobile applications used for knowledge transfer turned out to be only important for managers. Similarly, limiting the effort required to learn mobile technologies for knowledge transfer is mainly desirable for managers. Their intention to use mobile technologies is also more dependent on the facilitating conditions provided such as a help-desk or targeted training when compared with other types of job position. The research results point out that particularly specialists the perceive efficiency of knowledge transfer gained with the use of mobile technologies as strongly related to the effort required to use mobile devices and applications. They also expect significantly higher user autonomy when using mobile applications for knowledge transfer. Therefore, mobile solutions designed to be used by specialists should be flexible and not rigidly impose a certain mode of operation by, for example, overusing wizards. For regular workers, relative usability turned out to be far more important than for other types of job positions. In particular, regular workers expect facilitating conditions for m-learning use to be on a par with alternative solutions. The mobile solutions available to them for knowledge transfer should provide support-for example, a help-desk or individual training as in e-learning or traditional training.
One limitation of the study is that TJP turned out not to be important for effort expectancy because of the unconfirmed relationship between effort expectancy and behavioral intention to use technology. Such a connection exists in the classical UTAUT and most of the studies that extend it. Furthermore, the values obtained for how TJP moderated the performance expectancy influence on employees' behavioral intention to use m-learning were ambiguous. Therefore, further research should examine TJP as a moderating factor for the influence of effort and performance expectancy on the behavioral intention to use technology, especially in the context of a different technology or target group.
